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Abstract

Determining the location of small molecules within a bacterial cell, like E. coli, with high precision 

poses several challenges. A common method used to determine the positions of molecules involves 

fluorescence microscopy, where a fluorescent marker is attached to the molecule of interest. The light 

emitted by the fluorescent markers can then be used to localize the molecules of interest inside the cell.

Evaluating the performance of localization methods requires image data for which the position of all 

molecules is known. In the context of super-resolution localization methods, where the localization 

error can be smaller than the size of a pixel, manually annotating the molecule location with the 

required precision is not possible. Simulating fluorescence microscopy images by generating the 

molecule location first and then simulating the imaging process can circumvent this issue.

Simulating such images requires several steps like the estimation of the cell volume per pixel and the 

brightness of unbound fluorophores. We have developed methods that perform these estimations, and 

provide metrics on the similarity between simulated and experimental microscopy images. We have 

also compared the localization performance of two different localization methods, one method based on 

a maximum likelihood estimation, and the other based on a convolutional neural network.

We have shown how the localization performance of both methods correlates with certain emitter 

properties, like their brightness and distance to the image plane. The neural network based method has 

shown a much better localization performance overall, compared to the maximum likelihood estimation 

method.
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High precision molecule localization using AI

Popular Science Summary

Patrick Oliver Hennig

Cells contain many different molecules that participate in many different functions. Trying to 

understand how a cell works means finding out which molecules are responsible for these functions. 

An important indicator for the function of molecules is their position within the cell.

One molecule for which we know that it has a huge influence on the cell as a whole is DNA. 

Determining the location of a molecule, such as DNA, inside a cell is accordingly an area of active 

research. There are many existing methods to determine the location of single molecules, so-called 

single-molecule localization (SMLM) methods. 

A common technique used by many SMLM methods is fluorescence microscopy, where marker 

molecules are attached to the molecules that need to be localized. When these marker molecules are hit 

by light of a specific wavelength, they emit light with a longer wavelength. This difference in 

wavelength makes it possible to take images that only show the light emitted by the marker molecules, 

visible as dots in the image. Localizing molecules then translates to finding the centers of these dots in 

the image.

Finding the center of a dot to determine the molecule position is a problem of its own. In this work, we 

have used a convolutional neural network, a type of artificial intelligence (AI), to determine the 

location of these molecules in fluorescence microscopy images. 

To evaluate how accurate this AI is, we have developed a method to simulate physically accurate 

images of E. coli cells containing a small number of marked molecules. Additionally, we have 

compared the results of the AI to a non-AI method, based on maximum likelihood estimation (MLE).

We have discovered that the AI performs much better on the simulated images, compared to the MLE-

based method. The AI was able to localize molecules with an error of roughly 60nm, compared to 

150nm for the other method. This enables the investigation of intracellular processes at much higher 

resolution than before, and provide new insights into cellular biology.

5



6



Table of Contents

 1. Introduction.........................................................................................................................................11
 1.1. Limits of accuracy in localization microscopy............................................................................11
 1.2. Challenges for CNNs in super-resolution microscopy................................................................11
 1.3. Simulation of a new fluorescence microscopy experiment.........................................................12

 2. Materials and Methods........................................................................................................................13
 2.1. Point-spread function..................................................................................................................13
 2.2. Image simulation model..............................................................................................................14
 2.3. Revised image simulation model................................................................................................15

 2.3.1. Cell geometry......................................................................................................................15
 2.3.2. Sampling emitter data..........................................................................................................16
 2.3.3. Dot simulation.....................................................................................................................16

 2.4. Generating binary cell masks......................................................................................................17
 2.5. Background noise outside cells...................................................................................................17
 2.6. Background noise inside cells.....................................................................................................17

 2.6.1. Per-pixel cell volume estimation.........................................................................................17
 2.6.2. Approximation of the environmental background noise, brightness and PSF of free 
fluorophores inside the cell.............................................................................................................19

 2.7. Localization performance evaluation..........................................................................................20
 2.7.1. Localization success metrics................................................................................................20
 2.7.2. Localization performance as a function of emitter density.................................................21
 2.7.3. Localization performance as a function of emitter z-position and brightness.....................21

 3. Results.................................................................................................................................................23
 3.1. Per-pixel cell volume estimation.................................................................................................23
 3.2. Cell volume fluorescence parameters..........................................................................................25
 3.3. Localization performance evaluation..........................................................................................26

 3.3.1. Varying emitter density and z-position...............................................................................26
 3.3.2. Varying emitter brightness..................................................................................................28

 4. Discussion...........................................................................................................................................29
 4.1. Per-pixel cell volume approximation..........................................................................................29
 4.2. Fit of fluorescence background parameters.................................................................................29
 4.3. Localization performance comparison........................................................................................30

 5. Conclusion..........................................................................................................................................31
 5.1. Localization performance............................................................................................................31
 5.2. Image simulation.........................................................................................................................31
 5.3. Future prospects..........................................................................................................................32

 6. Acknowledgments...............................................................................................................................34
 7. References...........................................................................................................................................35

7



8



Abbreviations

AI: artificial intelligence

ANN: artificial neural network

CB: cell background

CNN: convolutional neural network

EB: environmental background

EDT: Euclidean distance transform

FN: false negative

FP: false positive

GW: width (std. dev.) of a Gaussian PSF

MLE: maximum likelihood estimation

NA: numerical aperture

PALM: photo-activated localization microscopy

PSF: point spread function

R.M.S.D.: root mean square deviation

ROI: region of interest

SMLM: single-molecule localization microscopy

STORM: stochastic optical reconstruction microscopy

TN: true negative

TP: true positive
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 1. Introduction

Precise structure localization in living cells is an ongoing challenge. Depending on the use of the 
localization data, the requirement might be localization in 2D or 3D. There have been different 
approaches to solve this localization problem. In this work, the localization problem is constrained to 
the localization of zero-dimensional structures, i.e. points in space.

 1.1. Limits of accuracy in localization microscopy

The traditional resolution limit in light microscopy is the Abbe diffraction limit. The smallest possible 
distance between two objects in light microscopy, as defined by this limit, is about 200nm. This 
distance is roughly 100 times the diameter of DNA, or a quarter of the diameter of large E. coli cells.

Single molecule localization methods (SMLM) have been developed to circumvent this limit. These 
methods are usually based on fluorescence microscopy. They also take advantage of the assumption 
that each dot in the image can be described by the 3D position of a point in space, and the relative 
brightness of the dot. Different SMLM methods have been developed to solve the localization problem, 
such as a maximum likelihood estimation (MLE) (Lindén et al. 2017) .

Other methods include the use of artificial neural networks (ANN), a class of artificial intelligence (AI) 
that has shown great success in image analysis (Ronneberger et al. 2015). One algorithm that uses a 
convolutional neural network (CNN), is (Speiser et al. 2021) , called DECODE. It is not the first 
algorithm to use a CNN for this purpose (Nehme et al. 2018, Nehme et al. 2020), but the results 
presented in (Speiser et al. 2021), based on the methods of the SMLM 2016 competition (Sage et al. 
2019), have shown that DECODE is the method with the lowest localization error across all categories 
in the competition.

 1.2. Challenges for CNNs in super-resolution microscopy

Before they can be applied to solve new problems, CNNs need to be trained. The data a CNN is trained 
on (training data), is essentially a list of pairs of inputs for the CNN and the corresponding expected 
output. For the purpose of fluorophore localization, these inputs are fluorescence microscopy images, 
and the expected output is the list of fluorophore positions in the image.

This training data is required to be annotated with high precision, i.e. the position of dots in the image 
needs to have a minimal error. The CNN tries to achieve localization accuracy similar to that present in 
the training data during training, so if the error in the training data is large, the predictions of the AI 
will be inaccurate.

For images with a pixel size of 65nm by 65nm, achieving a localization error much lower than 200nm, 
especially in 3D, quickly reaches below the size of a single pixel. This poses significant challenges for 
the annotation of the training data. This data is usually created by manually annotating data with the 
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correct labels, like the name of the object visible in an image, e.g. “dog”. In the context of super-
resolution SMLM, manual annotation of the sub-pixel dot location is not feasible, given the precision 
requirements.

One solution to this annotation problem is the reversal of the annotation process, where training data is 
generated from existing labels. Given an accurate model of the physics of the imaging process, 
generating new training data means sampling the expected fluorophore positions first, i.e. the location 
and brightness of a set of fluorophores, and then calculating the result of the imaging process based on 
this data, resulting in a simulated fluorescence microscopy image. This image can then be used as an 
input for the AI, and the resulting output compared to the original labels.

 1.3. Simulation of a new fluorescence microscopy experiment

DECODE was built to perform well in the SMLM 2016 competition, which evaluates localization 
algorithms based on simulated data. For most of the 13 categories, the simulated images show 
fluorophores attached to microtubuli on a cell background (Sage et al. 2019). The atomic structure of 
microtubuli is well understood, so the spatial distribution of fluorophores targeting them can be 
simulated with high accuracy (Sage et al. 2019, Tong & Voth 2020).

These simulations notably do not cover cases of microscopy images where small cells, like E. coli, are 
shown. These much smaller cells only occupy small fractions of the image, which introduces several 
key challenges into the simulation that are not present in the images simulated for DECODE, which 
assumes that every pixel in the image is covered by the same cell. 

In this work, we investigate the changes that need to be made to the image simulation pipeline that are 
required to enable the use of small cells in the fluorescence image simulations, resulting in images that 
look like the example in Figure 1. We will also evaluate the localization performance of the DECODE 
model in the context of these new imaging models, and compare these results to the results of the 
MLE-based localization approach mentioned previously. The simulation pipeline changes required to 
enable the simulation of small cells in the image may also introduce new sources of bias in the 
localization performance of either method. To account for this, we will additionally develop new tests 
to evaluate the localization performance under different imaging conditions that are introduced by the 
simulation pipeline changes.
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Figure 1: Example of an experimental fluorescence microscopy image. Three 

horizontal traps of a flow cell are visible, each containing multiple E. coli cells. 

Each cell contains a small (1-4) number of dots.



 2. Materials and Methods

The evaluation of SMLM methods requires simulated images that are indistinguishable from 

experimental images. Reliable comparison between simulated and experimental images requires the 

development and calculation of metrics that represent different aspects of the images. 

To evaluate different aspects of the localization performance of a method, additional metrics are 

required. Some metrics to evaluate the localization performance were previously described by (Speiser 

et al. 2021). Using much smaller cells in the simulated images, compared to (Speiser et al. 2021), such 

as E. coli, requires the introduction of new parameters into the image simulation pipeline. These 

additional parameters may have an influence on the localization performance, so additional 

performance evaluation metrics are introduced.

Finally, the comparison of the localization performance of DECODE, the CNN model developed by 

(Speiser et al. 2021), is compared to another existing method that can be applied to the newly simulated 

images. One such existing non-AI based method is the previously mentioned MLE-based approach, 

introduced by (Lindén et al. 2017).

 2.1. Point-spread function

A key aspect of fluorescence microscopy images is the point-spread function (PSF). A PSF describes 

the way the light in a microscope interacts with a zero-dimensional object. Different PSFs can be 

engineered by the introduction of different lenses into the microscope (Pavani et al. 2009, Li et al. 

2018). A very common PSF is the Gaussian PSF, which represents point-sources of light as a round dot 

in the image. The shape of this dot is defined by the position of the point-source in the imaging system.

With the x/y plane spanning the image plane, a change of the position of a point-source in the x/y plane 

can be simplified as a translation of the PSF along the image plane. The shape of a dot then only 

depends on the distance between the emitter and the image plane. For the Gaussian PSF, the distance 

between the emitter and the image plane is proportional to the size of the dot.

The relation between the dot shape and the PSF, defined by a 2D translation and the z-coordinate, 

allows the reconstruction of the emitter location based on the shape of a dot, and its position in an 

image. This can be utilized to localize a point-source in 3D, based on a 2D image.

Gaussian PSFs can be modified by the introduction of a weak cylindrical lens into the microscope. The 

resulting PSF is called an astigmatic PSF (Hajj et al. 2016). Localizing an emitter based on the dot 

shape using a Gaussian PSF is only partially possible. The Gaussian PSF is symmetrical on both sides 

of the image plane, so only the absolute offset of an emitter from the image plane can be determined, 

13



not the side of the image plane the emitter is on. An astigmatic PSF changes the dot shape from round 

to oval, and also introduces asymmetry on both sides of the image plane, enabling the emitter 

localization in 3D space. The shape of the Gaussian and astigmatic PSF are shown in Figure 2.

 2.2. Image simulation model

Simulating fluorescence microscopy images based on emitter data as implemented in DECODE 
functions as follows:

1. Sample environmental background noise for each pixel
2. Sample emitter data, specifically 3D-position and individual brightness
3. Simulate dots based on emitter data, added to the per-pixel environmental background
4. Transform the pixel values from photon counts to ADU (analog-to-digital units, also called 

digital units) measured by the camera sensor

DECODE is made to be used by other groups, so they provide good documentation on use and 
configuration of the network and the simulation. Some of the required camera parameters for 
simulation or PSF approximation using SMAP are provided by the camera manufacturer, while others 
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Figure 2: Shape of the Gaussian (unmodified) and astigmatic PSF. Cross-sections are shown for different planes. For both 

PSFs, the cross-section of the X-Y plane, parallel to the image plane, is shown at different distances from the image plane. 

For the Gaussian PSF, a slice of the X-Z plane is shown, for Y=0. For the astigmatic PSF, which does not show the same 

symmetry as the Gaussian PSF, slices are shown for the X-Z plane, at Y=0, and for the Y-Z plane, for X=0. These images 

are artistic interpretations of the respective PSF, and not physically accurate.



are experiment specific and therefore require manual input and/or approximations based on sample data 
from lab experiments. Most of these parameters are not relevant for the work in this thesis, and are not 
mentioned.

 2.3. Revised image simulation model

Introducing small cells into the simulated images requires some key changes to the simulation model 
used for DECODE. Simulation of these images requires deep understanding of the image architecture. 
Figure 3 depicts a diagram of the different elements of a fluorescence microscopy image. The different 
elements are discussed separately in the next section. First, we introduce some concepts that are 
required for later steps.

 2.3.1. Cell geometry

The image simulation pipeline implemented in DECODE simulates small 48x48 pixel regions. For 
image snippets showing an E. coli cell, which have a maximum diameter of 1µm. Given a pixel size of 
65nm, the diameter of a cell is 16 pixels. A cell length of 2µm is equal to 31 pixels. This size leaves a 
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Figure 3: Properties of a simulated fluorescence microscopy images, showing E. coli cells. The image in the top left shows 

an experimental image as reference. The environmental background is shown at the center top, which essentially represents 

all image regions outside of cells. The binary cell mask in the bottom left indicates for each pixel in the image if a cell is 

present. An enlarged region of the experimental image is shown in the center, depicting a single cell. For this single cell, 

the corresponding region of the binary cell mask is shown in the center bottom, with the 2D position of the emitters inside 

the cell shown inside the binary mask. The shape of the dot of one of the emitters is shown in the bottom right, which is 

notably not identical to the dot shape corresponding to the other emitter inside the same cell. The top right shows the cell 

background of a single cell, meant to represent another aspect of the image of a single cell. For visualization purposes, the 

cell background depicts a different cell from the experimental image, which does not contain emitters.



large fraction of the 48x48 pixel image frame ‘empty’, i.e. not showing any part of a cell. This is in 
contrast to the assumption in the DECODE image simulation pipeline where each pixel in the image 
shows some part of a cell.

The introduction of largely empty frames requires two essential changes to the simulation pipeline. 
First, there is a need to be able to tell which pixels in the image show a cell, and which do not, 
represented by a binary cell mask. Second, the E. coli cells are small enough that their geometry has a 
substantial influence on the cell volume per pixel. The simulation model for DECODE has simplified 
the cell geometry in the imaging volume to a fixed volume that is essentially identical for each pixel. 
For small cells, like E. coli, the cell body can modeled as a pill (more commonly referred to as a rod), 
visualized in Figure 4. The per-pixel cell volume is estimated in  2.6.1.

 2.3.2. Sampling emitter data

Sampling the position of emitters in the image frame requires knowledge on how the cell body is 
distributed in the image. For small cells, only a few pixels in the image frame show a cell, as mentioned 
previously.

The cell volume per pixel can be based on the knowledge about which pixels in the image are inside a 
cell. This also enables the sampling of emitter positions that are known to be inside the body of a cell. 
The differentiation between pixels inside and outside the cell also allows the differentiation between 
different cells in the image. This allows the definition of the number of emitters per cell, which may be 
sampled from a distribution.

The emitter brightness for each emitter is sampled from a distribution acquired from reference data, 
using an existing emitter characterization method, like (Lindén et al. 2017). The DECODE image 
simulation also allows the simultaneous input of multiple frames, which is not used in our method.

 2.3.3. Dot simulation

The existing implementation for the purpose of simulating images to train DECODE is based on (Li et 

al. 2018), which consists of two parts. The first part is the approximation of the PSF of an imaging 
system. The SMAP software (Ries 2020) includes a tool that implements this approximation for the 
PSF present in user-provided images. The second part of the publication is used inside the DECODE 
image simulation pipeline, which implements the simulation of dots based on the previously generated 
PSF approximation in combination with the previously generated emitter data.
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Figure 4: Pill geometry, shown as a polygon for display purposes in this frame. Note the frame on the right, 

showing a clear distinction between the half-spherical regions on the left and right end of the shape, and the 

cylindrical section in between.



 2.4. Generating binary cell masks

An aspect several simulation steps have in common is the differentiation whether a pixel in the image 

is inside or outside of a cell. An image with binary pixel values indicating if a pixel is inside or outside 

of a cell is called a binary cell mask. 

A previously developed CNN was used to generate binary cell masks from phase contrast images 

(Kandavalli et al. 2021). To differentiate between different cells in a binary cell masks, the mask needs 

to be converted to a cell segmentation mask. This conversion can be performed by assigning a unique 

identifier to each connected region of pixels in the binary cell mask. The scikit-image python library 

offers such a function (Walt et al. 2014).

 2.5. Background noise outside cells

The background noise outside the cells combines fluorescence emissions from several sources, such as 

the environment and a flow cell that the E. coli cells might be placed on. The expected mean photon 

count per pixel from the environment does not differ between pixels, and there is no expected 

correlation between any pixels within the image. The number of photons emitted from this 

environmental background are sampled from a Poisson distribution, where the mean is given by an 

environmental background intensity value. The environmental background intensity is the same value 

for all pixels in the image, though the number of photons per pixel will vary according to the Poisson 

distribution.

 2.6. Background noise inside cells

To simulate the fluorescence noise from unbound fluorophores inside the cell, three things need to be 

considered: the distribution of unbound emitters inside the cell, their brightness, and their interaction 

with the imaging system.

For simplicity, the distribution of the unbound emitters across the cell volume is assumed to be 

uniform, with a constant number of fluorophores per µm³ cell volume, and a constant identical 

brightness for all fluorophores in all cells. For practical reasons all unbound fluorophores are not 

simulated individually. Instead, the PSF is approximated as a Gaussian PSF, and the z-component of all 

unbound fluorophores is discarded. Discarding the z-component essentially places all unbound 

fluorophores in the image plane, which allows replacing the expensive per-fluorophore dot simulation 

with a Gaussian filter.

 2.6.1. Per-pixel cell volume estimation

We present and compare different methods for per-pixel cell volume estimation. All methods require 
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the calculation of a value that represents the distance of the pixel to the outline of the cell. This is done 

for all pixels inside the cell using an Euclidean distance transform (EDT) (Silversmith 2018).

The baseline for the cell volume approximation is formed by a mathematical model of the pill-shape. 

Based on this model, the cell volume is calculated using the Monte Carlo method. The binary cell 

mask, used for the cell volume estimation methods, is then generated by thresholding of this baseline, 

where each pixel with a volume greater than zero receives the value 1.

The mean r.m.s.d. of the pixel-wise volume approximation compared to the baseline is used as a metric 

to determine the fitness of the methods. The mean r.m.s.d. is calculated by estimating the cell volume 

across a series of pill shapes, which are defined by their length and radius. All cells have the same 

orientation, with the long axis parallel to the x-axis in the image plane. 

The cell sizes are evaluated based on multiple cell shapes with a radius in the range 5-8 pixels, at a 

pixel size of 65nm equal to 0.65-1.04 µm cell diameter. The cell length is varied across the range 11.1-

62.2 pixels, translating to 0.72-4.04 µm. Note that the diameter is required to be at least half of the cell 

length to fulfill the pill shape.

The following methods are compared:

1. Volume approximation via Monte Carlo method (baseline): Model an axis-aligned bounding box 

containing the pill model, then sample 4∗106 points from within the 3D space of the bounding box, 

and discard the points outside the cell, based on the mathematical model of the pill. The volume per 

pixel is then calculated as the number of accepted samples in the area of each pixel, divided by the 

maximum number of accepted samples within the same cell.

2. Pixel value mapping to a circle: The distance from a pixel to the outline of the cell, calculated by 

the EDT will be mapped to a circle. The cell radius is the maximum EDT value for each cell. The EDT 

pixel values are normalized first, by dividing each pixel value by the maximum EDT value in the same 

cell. The cell volume for each pixel is then calculated by mapping this normalized value to the surface 

of a circle, using the circle equation r ²=x ²+ y ² , where r was normalized to 1, y is cell volume and 

x is the normalized EDT value. With the cell radius c, the cell volume per pixel is y=c√1−x ² .

3. Smoothing the local neighborhood from approach 2: Pixels in the spherical part of the cell will 

likely contain a smaller amount of cell volume than pixels above the cylinder-shaped part of the cell, 

given the same EDT value. To account for this, the cell volume per pixel is approximated as the mean 

volume from a pixel and its 4 direct neighbors (horizontal and vertical), based on the cell volume 

approximation from approach 1. A modification of this approach is also used, where the mean is 

calculated from 8 neighbors, instead of 4. The additional 4 neighbors are diagonal neighbors of the 

pixel for which the volume is estimated. Note that the calculation of the mean does take pixels outside 

the cell into account, with the corresponding volume of zero.

4. Supersampling and erosion: An essential limitation of the EDT is the number of pixels covering 

18



the cell. To overcome this limitation, an additional cell volume estimation method is included, where 

the resolution of the binary mask is artificially increased. The resolution is increased by a factor of 256, 

where each pixel is split into a grid of 16 by 16 pixels. These pixels have the same value as the original 

pixel, and also serve as a binary cell mask. After this split, erosion is applied to the resulting mask, by 

removing (setting to zero) all pixels from the mask that are within a distance DE of the cell outline in 

this higher resolution mask. We compare four instances of this method, with DE of 0, 4, 8 and 12 pixels 

respectively. After erosion, the EDT value is calculated for all non-eroded pixels in the higher 

resolution mask, and mapped to the circle equation according to method 2. Then, all pixels within the 

16 by 16 pixel grid are added together, representing the volume for the pixel in the original resolution 

mask. Like for the other methods, the volume estimations are finally scaled so that the maximum pixel 

value is 1.0. Multiplying the result by the previously defined cell radius then yields the final cell 

volume.

 2.6.2. Approximation of the environmental background noise, brightness and PSF 

of free fluorophores inside the cell

The PSF theoretically has no boundaries, so all dots are infinite in their size. Accordingly, every pixel 

in the image is influenced by every fluorophore in the image. This means that each pixel’s value is a 

result of a large, unknown number of overlapping PSFs. Additionally, the environmental background is 

a global pixel value offset which cannot be measured directly. The fluorescence signal inside the cell, 

overlapping from multiple spatially close fluorophores, also hinders estimation of the fluorescent 

brightness per µm³ cell volume.

To overcome this limitation, the environmental background fluorescence intensity (EB), cell 

background intensity per µm³ cell volume (CB), and the std. dev. of the Gaussian PSF (GW) used to 

simulate the cell fluorescence background are estimated in tandem. Any set of parameters that 

optimizes similarity metrics between the simulated and experimental images can be used.

One metric to determine how well a set of simulated images fits the experimental reference images 

requires grouping of pixels that show similar information. All pixels with the same distance to the cell 

outline, according to an EDT, are grouped together by calculating the mean fluorescence intensity of 

these pixels. Here, all pixels in the image are taken into account, both inside and outside the cell. 

Differentiation between inside and outside the cell is still required, which we implement by negating 

the EDT values of the pixels inside the cell.

This transformation allows the calculation of a fluorescence intensity gradient as a function of the 

distance to the cell outline or to the ‘center’ of a cell. The highest fluorescence intensity is expected at 

the center of a cell, which has the lowest, i.e. most negative modified EDT value. Pixels far outside a 

cell have large positive modified EDT values, and the lowest fluorescence intensity. To avoid skewed 

results from very noisy data, the gradient may be restricted to a range of modified EDT values that 

occur frequently in the reference images.
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To determine the three previously mentioned parameters (EB, CB and GW), this fluorescence intensity 

gradient is calculated for real reference images and for a set of simulated images. A good set of 

parameters minimizes the difference between the gradient of the simulated and real images. There are 

many different algorithms to choose such a set. The computational complexity of this parameter search 

should be noted, where the evaluation of a single parameter set requires the simulation of multiple 

images.

 2.7. Localization performance evaluation

Once a sufficiently accurate set of parameters has been determined for the image simulation, the MLE-

based localization algorithm is compared with DECODE. This comparison is based on the results of 

different image simulation scenarios. For each of these scenarios, the localization methods are 

compared via a set of metrics, which are described further below.

All of these metrics require non-exhaustive assignment of the proposed emitter locations to real emitter 

locations. This assignment of emitter pairs is based on the distance between the proposed and real 

emitter locations, where emitters are iteratively paired until no potential pair with a distance below 

1µm is left. Emitters in both sets (proposed and real), are paired to at most one emitter in the other set 

using this method. The assignment algorithm used is a Hungarian algorithm (Speiser et al. 2021), 

modified to only match pairs of emitters with a maximum distance of 250nm in the image plane, and 

additionally a maximum distance of 250nm in the perpendicular axis.

 2.7.1. Localization success metrics

Given a set of proposed emitter locations, and their corresponding reference from the set of real emitter 

locations, certain metrics describing the localization success can be calculated. These metrics take 

successfully paired and unpaired emitters into account.

All emitters will be categorized, based on their matching success to emitters from the other set. Each 

pair of successfully matched emitters is classified as ‘true positive’ (TP). Each emitter that was 

proposed but not matched is classified as ‘false positive’ (FP). All real emitters that have not 

successfully been matched are classified as ‘false negative’ (FN). Further, FP and FN refer to the 

number of emitters from the respective groups. TP instead refers to the number of pairs in that group, 

not the number of emitters.

Four metrics used for evaluation of the localization performance are defined below:

1. R.M.S.D.: The root mean squared deviation of the position of the proposed emitters’ location from 

the real emitters’ location, for all pairs of successfully matched emitters.

2. Precision: This metric describes the fraction of the localized emitter that are true positives. The 

value for this metric is in the range [0; 1], where higher values represent better results. It is defined as 
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p=
TP

TP+FP
. 

3. Recall: This metric describes the fraction of real emitters that have successfully been detected. Like 

precision, this value is in the range [0; 1] and higher values represent a better result. It is defined as 

r=
TP

TP+FN
.  

4. F1-Score: This value combines the Precision and Recall metrics into a single value. This value is 

also in the range [0; 1], and higher values represent a better result. It is defined as f=2
pr

p+r
.

 2.7.2. Localization performance as a function of emitter density

Overlapping dots can significantly impact dot localization. If dots overlap by a significant margin, the 

pattern of pixel values in the image does not follow the dot shape expectation based on the PSF. A 

localization method may not be aware that a region in the image shows overlapping dots instead of a 

single dot. The method may then attempt the reconstruction of a dot shape based on a PSF that cannot 

represent the dot shape for any z-offset, or emitter brightness. 

To research the impact of emitter density as surrogate for the measuring of dot overlap, the following 

two simplifications are required: (1) Dots will effectively be limited in size, so that dots contained in 

any cell will not be visible in, or near, any other cell. (2) The distance between emitters in cells where 

more than 2 emitters are present is difficult to represent. The solution is to use the number of emitters 

per cell as a measure of dot density, notably not influenced by the difference in cell size. The 

localization performance will then be compared using different distributions of the number of emitters 

per cell, to estimate the impact of overlapping dots on the localization performance.

 2.7.3. Localization performance as a function of emitter z-position and brightness

Point spread functions describe how light is scattered in a microscope by interacting with a probe, like 

a fluorophore. The area over which most of the light is scattered is usually proportional to the distance 

of the probe to the image plane. A larger distance therefore leads to lower pixel values in the image.

With a wider spread of the signal, the likelihood that the environmental background noise dominates 

the signal in pixels far away from the cell increases. This may require a localization algorithm to 

combine the data from a larger number of pixels to accurately reconstruct the emitter location, or lead 

to a decreased localization performance. To evaluate the influence of this problem, we calculate the 

localization performance as a function of the offset of an emitter from the image plane.

Additionally, the simulated images contain cells where the pole-to-pole axis is aligned with the x-axis 

of the image. The astigmatic PSF used for the simulations may introduce a bias into the localization 

performance as a result of this alignment. The oval shape of the PSF may be visible more clearly when 

the long axis of this oval is aligned with the shorter axis of the cell body, i.e. the y-axis.
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To quantify this relation, the fraction of emitters above and below the image plane will be varied and 

the localization performance calculated. This method is performed by sampling the position of all 

emitters as previously described, and afterwards mirroring the z-component of a corresponding number 

of emitter positions.

Closely related to the localization challenges with a higher offset of the emitter from the image plane, 

the emitter brightness also may have an influence on the localization performance. Brighter emitters 

result in a higher signal-to-noise ratio, which is advantageous for localization tasks. The localization 

performance is therefore evaluated as a function of the emitter brightness.
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 3. Results

The results from the previously described methods are shown in detail below. One image simulated 

from the approximated parameters is shown in Figure 5, compared to an experimental image. The cell 

shapes look similar, though the dots look different in terms of brightness and shape.

 3.1. Per-pixel cell volume estimation

The mean r.m.s.d. across a series of cell shapes is shown in Table 1. The pixel-wise deviation of the 

estimated cell volume from the baseline for one cell size is shown in Figure 6. All methods show a 

good fit for pixels close to the center, and a bad fit for pixels close to the edge of the cell. 

The highest r.m.s.d. is achieved by the method using the direct mapping of the EDT value to the circle 

equation. This method also shows the highest cell volume overestimation for pixels on the edge of the 

cell. The methods based on the average cell volume of their local neighborhood from the previous 

method perform better in terms of r.m.s.d.. These methods also show an overestimation of the cell 

volume near the edge, though to a lesser degree than the first method. The method using the average of 

its 8 neighbors performs slightly better than the method using the average of 4 neighbors. 
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Figure 5: Simulated image compared to experimental image. The image on the left is experimental, and the image on the 

right is simulated. Note that the binary cell mask used to simulate the image on the right does not correspond to the image 

on the left.



Method r.m.s.d.
Supersampling and 8 px erosion 0.021
Supersampling and 12 px erosion 0.025
Supersampling and 4 px erosion 0.030
Supersampling without erosion 0.044
8 neighbor average 0.055
4 neighbor average 0.061
Circle mapping 0.075

Table 1: Mean r.m.s.d. of different per-pixel volume approximations for a series of differently sized cells.

The methods implementing supersampling perform better than all other methods. Supersampling 

without erosion shows characteristics similar to the previous techniques, with an overestimation of the 

cell volume close to the edge, though at a lower r.m.s.d.. All methods using any erosion perform even 

better. The methods with erosion also show differences in the cell volume estimation errors close to the 

edge of the cell. The combination of supersampling and erosion leads to a reduction in the previously 

overestimated volume on the edge. In some regions on the edge this reduction leads to an 

underestimation of the volume. The method with the lowest mean r.m.s.d. is the supersampling method 

using erosion in an 8 pixel radius.
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Figure 6: Per-pixel r.m.s.d. of the cell volume estimation for different methods, based on the EDT values. This cell shape 

has a radius of 5 pixels, and a length of 21.1 pixels. The per-pixel cell volume is normalized so that the maximum value is 

1.0, for each method separately. The baseline volume is the per-pixel volume from the geometric cell model. The other 

methods are: (a) EDT values mapped to the circle equation. (b, c) Mean volume for each pixel including its direct 

horizontal and vertical neighbors - and additionally including diagonal neighbors for (c) - based on the results of (a). (d) 

Supersampled binary mask without erosion, then mapped to the circle equation. (e-g): Supersampled binary mask with 

erosion of 4, 8 or 12 pixels respectively, then mapped to the circle equation.



 3.2. Cell volume fluorescence parameters

The set of parameters describing the distribution of the fluorescence background in the image – 

environmental background, cell fluorescence per volume and std. dev. of the approximated Gaussian 

PSF – was determined by minimizing the difference between the fluorescence intensity gradient of a 

set of reference images and a set of simulated images. The fluorescence intensity gradient of a set of 

reference images is shown in Figure 7.

The set of parameters with the lowest r.m.s.d., 0.199, was a fluorescence intensity of 3.3 photons per 
cell volume, a 3.1 pixel std. dev. of the Gaussian PSF, and an environmental background of 3.7 
photons. The gradient of the fluorescence intensity of simulated images based on these parameters, in 
comparison to a set of reference images, is shown in Figure 8. The real intensity profile in Figure 8 is 
equal to the section of high-frequency EDT values in Figure 7.
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Figure 7: Mean fluorescence intensity profile along the EDT-value gradient in a reference image. The EDT values in this 

graph have been transformed, where values above 1 represent the distance of a pixel outside the cell to the cell outline, 

values of 0 and below represent the distance of a pixel to the outline of the cell, from within the cell. The gradient has been 

separated into two sections, according to the frequency of the corresponding EDT value.



 3.3. Localization performance evaluation

The localization performance was evaluated as a function of different parameters. The metrics that 

were calculated for all sets of simulation parameters were the recall and r.m.s.d. in 3D. The simulation 

parameters that were varied were the emitter z-position, the emitter density distribution, the side of the 

image plane the emitters are on and the emitter brightness. Note that a change in the fraction of emitters 

above/below the image plane also influences the mean emitter z-position.

 3.3.1. Varying emitter density and z-position

The localization performance depends on the fraction of emitters above the image plane, see Figure 9. 

DECODE shows a mostly linear increase of r.m.s.d. and decrease of recall with an increase in the 

fraction of emitters above the image plane. An increase in emitter density also leads to an increased 

r.m.s.d. and a decreased recall.

For MLE, the fraction of emitters above the image plane has no clear influence on the r.m.s.d., with a 

slight increase at high emitter densities, and a slight decrease for low emitter densities, for an 

increasing fraction of emitters above the image plane. The recall behaves more clearly, with the 

opposite of DECODE’s behavior, where a larger fraction of emitters above the image plane increases 

the recall. Lastly, similar to DECODE, a higher emitter density leads to a generally higher r.m.s.d. and 

lower recall.

Note the difference in scale of recall and r.m.s.d. between DECODE and MLE. DECODE has achieved 

an r.m.s.d. of 45-70nm, and the MLE-based approach 147-162nm. The recall for DECODE is in the 
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Figure 8: Real vs. simulated background fluorescence intensity along the EDT-gradient across the cell outline. Values 

smaller than 1 represent pixels inside the cell, and values of at least 1 represent pixels outside the cell. The r.m.s.d. between 

both gradients is 0.199.



range 60-90%, with MLE in the range of 30-65%. Accordingly, the r.m.s.d. for MLE is more than 

twice that of DECODE, and the lowest recall of DECODE is approximately equal to the highest recall 

MLE was able to achieve here.

The localization performance as a function of the emitter z-coordinate shows a clear trend, with the 

best performance close to the image plane, as seen in Figure 10. The localization performance 

deteriorates with an increasing distance to the image plane. Both methods show a bias, with the highest 

recall for DECODE at z = 75nm, and z = -50nm for the MLE-based approach. DECODE’s recall is 75-

85% for z < 250nm, but drops from 75% to under 50% for z > 250nm. MLE shows a generally lower 

recall, and a bias in the other direction, with 60-70% recall from z = -200nm to 300nm, followed by a 

drastic decline below 20% in either direction.

The r.m.s.d. metrics differ in their behavior from the recall in some ways. While the r.m.s.d. is smallest 

for both methods for a small positive z, it is mostly symmetric around that value, though more notably 

DECODE’s r.m.s.d. is slightly higher for positive z values. Similar to the recall, the r.m.s.d. for 

DECODE is also better than for MLE, with a range of 25-75nm for DECODE, and 100-205nm for 

MLE. The minimum r.m.s.d. is 25nm for DECODE, and 100nm for MLE.
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Figure 9: Recall and r.m.s.d. as a function of the fraction of emitters above the image plane in simulated images. 

Additionally, the results are presented for 4 different scenarios: (real) for a realistic distribution of the number of emitters 

per cell, (all1-all4) for cases where all cells contain the same number of emitters, fixed at 1, 2 or 4, respectively, used as 

surrogate to measure the emitter density.



 3.3.2. Varying emitter brightness

Both algorithms successfully localize a large fraction of emitters brighter than the median, as shown in 

Figure 11. The recall of both methods decreases steadily for dimmer emitters. At the median emitter 

brightness, DECODE’s recall is ~80%, and ~50% for MLE. The emitter brightness where the recall 

drops below 50% is 400 photons emitter brightness for DECODE, and 1000 photons for MLE. The 

r.m.s.d. follows a very similar pattern, with generally lower r.m.s.d. for brighter emitters in both 

methods. The scale of the r.m.s.d. of both methods should be noted, roughly 30-120nm for DECODE, 

and 100-220nm for MLE. The r.m.s.d. for the median emitter brightness is ~50nm for DECODE, and 

~150nm for MLE.
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Figure 11: Recall and r.m.s.d. as a function of emitter brightness. The emitter data represented in both graphs are identical, 

with a range of simulated emitter brightness values of [0; 5000] photons, shown in this graph with a bin width of 100 

photons. The median emitter brightness is also identical in both graphs. The recall drops below 50% at 1000 photons for 

the MLE-based method, and at 400 photons emitter brightness for DECODE.

Figure 10: Recall and r.m.s.d. as a function of the z-coordinate of simulated emitters. The emitter z-coordinates have been 

sampled from a uniform distribution in the range [-500, 500] nm, and binned for visualization at a bin-width of 20nm. The 

data points’ x coordinate in the graph represent the center of each bin. The emitter data represented in both graphs is 

identical.



 4. Discussion

We have shown how to simulate realistic fluorescence microscopy images, showing E. coli cells, and a 

sparse emitter distribution, see Figure 3 and Figure 5. In the process, we have evaluated different 

methods to estimate the cell volume for each pixel in the image. Finally, we have used images 

simulated using this method to evaluate the localization performance of a convolutional neural network 

and an MLE-based method.

The simulation of the background fluorescence of E. coli cells in a fluorescence microscopy image 

required major deviations from the reference image simulation pipeline implemented by (Speiser et al. 

2021). While there are other publications on the simulation of the background noise from cells in such 

images, these models simulate cells with a spherical shape, instead of pill-shaped cells and do not take 

the cell volume per pixel into account (Lehmussola et al. 2007, Svoboda et al. 2009, Ulman et al. 2016, 

Scalbert et al. 2019). Other methods, simulating images that achieve similar visual results to our 

method, simulate dots on top of static background measurements, recorded from microscopy 

experiments (Lindén et al. 2016).

 4.1. Per-pixel cell volume approximation

We have compared different methods to approximate the cell volume for each pixel in a binary cell 

mask, which was later used to calculate the fluorescence intensity for pixels inside of cells, and close to 

the cell outline. All methods required the calculation of the Euclidean distance from each pixel to the 

outline of its cell, performed via an EDT.

The methods with the lowest r.m.s.d. were the supersampling methods, where the resolution of the 

binary mask was artificially temporarily increased. Erosion as an intermediary step decreased the 

volume estimation error further, giving an improved result.

 4.2. Fit of fluorescence background parameters

Fitting the three parameters required to describe the fluorescence background across the whole image 

was solved using an optimizer that performed a random walk in the parameter space. The comparison 

in Figure 8 shows the fit of the parameters we estimated using this approach. While this method was 

able to determine parameters that were a good fit, the randomness in the approach cannot guarantee a 

good result within a reasonable time-frame.
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 4.3. Localization performance comparison

The results, attached in full in the appendix (Table 2), show that DECODE performs better in all tests 

we have performed. The r.m.s.d. is much lower, the recall and precision much higher. More 

specifically, DECODE’s r.m.s.d. is in the range 48-67nm, with MLE in the range of 148-161nm. The 

recall range is 63-90% for DECODE, and 33-65% for MLE. The precision is 97-98% for DECODE, 

and 70-88% for MLE. Note that the binning of the emitter data has an influence on the performance 

metrics in general, though DECODE still performs better than MLE in all cases. According to these 

results, DECODE is more reliable and more precise in its localization, and has a higher likelihood of 

localizing an emitter.

30



 5. Conclusion

We have shown a method to simulate realistic fluorescence microscopy images based on experimental 

reference images. We have then used these simulated images to evaluate the localization performance 

of a convolutional neural network compared to a maximum likelihood estimation method, as a function 

of several simulation parameters.

 5.1. Localization performance

The localization performance results were very surprising. With DECODE trained on simulated 

images, it outperformed the MLE-based method in all test cases. One of the notable exceptions to this 

large lead was the recall as a function of the z-coordinate of emitters, around z = 300nm. The z-bias of 

both methods oppose each other, resulting in a smaller difference for this case, though DECODE still 

performed better than MLE. 

Based on the history of MLE and its past applications to real-world problems, we expected better 

results here. Arguably, the goal of the application of DECODE in this context was to determine if it is a 

better method, which we have shown to be the case, though we have seen several aspects of the project 

that cast some doubt on these results. DECODE has shown to perform better than MLE across a set of 

artificial test cases. This may not necessarily transfer to real-world use cases, and accordingly requires 

more investigation.

 5.2. Image simulation

We have made several simplifications in the image simulation process. The cell shapes are not 

simulated from scratch, and are instead sampled from reference images, but the verification of cell 

volume estimations per pixel was performed on a mathematical model of the cell geometry. We cannot 

prove how well these volume estimations perform on real-world shapes.

Out of the three different categories of cell volume estimations, the artificial increase of the binary cell 

mask resolution has led to the best result. Including intermediate erosion has further decreased the 

volume estimation error, by over 50%. This might have been due to the discrete approximation of the 

cell outline, in pixels. The outline of cells in a discrete binary cell mask is less smooth than the pill 

geometry. The artificial increase in resolution may have led to an approximation of a continuous cell 

mask that is a better fit for the smooth outline of a pill. The erosion has optimized the volume 

estimation with regards to the metric we have introduced. The reason may be the essentially random 

pixel coverage by the segments on the outline of the pill, potentially uniformly distributed in the range 

31



[0; 1]. Eroding half of the area of a pixel could then essentially estimate the mean coverage of 0.5.

The fitting method we have used to determine good parameters for the environmental background 

intensity, the fluorescence intensity per µm³ cell volume and the std. dev. of the approximated Gaussian 

PSF for unbound emitters is essentially a random walk in the parameter space. This method has given 

good results here, though it is not guaranteed to find a good solution in a given time.

Even though we have made many trade-offs to enable the image simulation in its current state, the 

results look great. The fluorescence intensity gradient along the modified EDT values fits the reference 

gradient well. Though there are two sections where the gradients do not match well, as seen in Figure 

8.

In one section close to the outline of the cell, with EDT values in the range 3-11, the real fluorescence 

is higher than the simulated fluorescence. This seems to be the result of the simplification that all 

unbound emitters in the cell are placed inside the image plane, instead of spread out over a larger z-

range. Given the simplified Gaussian PSF, a larger z-value leads to an increase in the standard 

deviation of the distribution function, which leads to a slower signal decrease with increasing distance 

to the center of PSF. With the pill-shaped cell, most emitters are contained in the volume close to the 

image plane, but the fraction of emitters outside this plane is significant enough to be the possible cause 

of this mismatch.

The other section of the fluorescence intensity gradient where the simulation does not match the 

experimental data well is the whole range of EDT values above 11. This seems to be the result of the 

truncation of the EDT-value range. The fluorescence intensity decreases, converging to the 

environmental background for very large distances to the cell outline. The data from reference images 

is too noisy to extract meaningful data for large distances, given the automated approach presented 

here. The limited EDT-value range in combination with the requirement for a fit-algorithm that has no 

intrinsic knowledge of the physical features of the system can be the cause of an overestimation of the 

environmental background.

 5.3. Future prospects

There are a number of possible improvements for the image simulation. An aspect mentioned 

previously is the cell volume approximation that works best with a high resolution cell mask. An 

improvement on this specifically could be an approximation of the cell outline as a spline. This 

resolution-independent method may improve the shape fit in the spherical sections of the cell, while 

preserving the shape in the cylindrical section.

The unbound fluorophore simulation could be improved by modeling the z-coordinate of all unbound 

fluorophores differently. One possibility is the introduction of a small but fixed set of z-coordinates that 

the unbound emitters are grouped into. Instead of a single z-coordinate, the use of multiple coordinates, 
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e.g. a set of z = {-350, 0, +350 nm}, might lead to an improved fluorescence intensity gradient for the 

simulated images. Note that this will also require some way to estimate the std. dev. of the Gaussian 

PSF for each of the newly introduced z-coordinates.

Finally, an improvement that is apparent when looking at Figure 5, is that simulating images currently 

requires data measured with another method, such as the distribution of the emitter brightness. The 

distribution used here was measured with MLE, which we have shown to be inaccurate in some 

circumstances. Accordingly, the simulation is likely inaccurate in some aspects, like the dots that 

appear brighter in the simulated image than in the experimental image. This could either be solved by 

applying DECODE to the reference images for data extraction, or by applying some correction to the 

extracted distributions based on the results we have presented.
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Appendix

Code Availability

- All code relating to simulation of fluorescence images, and the AI model: 

https://github.com/slaide/DECODE

- Code for exploration of simulation models, evaluation of localization methods incl. comparison and 

processing of segmentation masks: https://bitbucket.org/slaide/test_decode

Full list of comparison metrics between DECODE and MLE-based method

Table 2: Full results of the comparisons between the MLE-based algorithm and DECODE. The model names refer to the 

emitter density distribution, where the prefix (real. all1, all2, all4) refers to a realistic distribution of the number of emitters 

per cell, or a distribution where all cells contain 1, 2 or 4 emitters respectively. The suffix, a two-digit number, refers to the 

fraction of emitter above the image plane, e.g. 00 refers to 0%, 03 refers to 30% and 10 refers to 100%.

model pipeline r.m.s.d. [nm] precision recall f1-score
realM00 decode 53.18 0.98 0.87 0.92
realM00 mle 155.76 0.8 0.43 0.56
realM03 decode 52.94 0.98 0.82 0.89
realM03 mle 154.36 0.82 0.46 0.59
realM05 decode 54.95 0.98 0.81 0.89
realM05 mle 154.78 0.83 0.5 0.62
realM07 decode 56.98 0.98 0.79 0.87
realM07 mle 154.62 0.84 0.53 0.65
realM10 decode 57.8 0.98 0.75 0.85
realM10 mle 151.74 0.87 0.58 0.7
all1M00 decode 48.02 0.98 0.91 0.94
all1M00 mle 151.58 0.8 0.47 0.59
all1M03 decode 50.49 0.98 0.88 0.93
all1M03 mle 148.88 0.71 0.54 0.61
all1M05 decode 51.46 0.98 0.84 0.91
all1M05 mle 151.74 0.85 0.56 0.67
all1M07 decode 53.03 0.98 0.83 0.9
all1M07 mle 150.9 0.87 0.59 0.71
all1M10 decode 53.1 0.98 0.78 0.87
all1M10 mle 147.77 0.88 0.66 0.75
all2M00 decode 52.02 0.98 0.85 0.91
all2M00 mle 154.4 0.79 0.4 0.53
all2M03 decode 55.37 0.98 0.82 0.89
all2M03 mle 153.76 0.82 0.44 0.57
all2M05 decode 55.82 0.98 0.8 0.88
all2M05 mle 156.24 0.82 0.49 0.61
all2M07 decode 55.57 0.98 0.78 0.87
all2M07 mle 154.59 0.84 0.51 0.64
all2M10 decode 59.27 0.98 0.73 0.84
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all2M10 mle 154.03 0.86 0.56 0.68
all4M00 decode 62.32 0.97 0.74 0.84
all4M00 mle 157.78 0.8 0.33 0.47
all4M03 decode 64.06 0.98 0.73 0.83
all4M03 mle 161.55 0.8 0.35 0.49
all4M05 decode 65.39 0.98 0.71 0.82
all4M05 mle 161.67 0.81 0.38 0.52
all4M07 decode 65.85 0.98 0.69 0.81
all4M07 mle 162.57 0.79 0.39 0.52
all4M10 decode 67.14 0.98 0.64 0.77
all4M10 mle 161.93 0.82 0.42 0.56
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